

















































1 LOTUS, IVY, AND BLOOM: DATA DRIVEN WELLNESS AND CONTEXT MODELLING 
CoCo	is	the	first	wearable	to	combine	caffeine,	alcohol	and	cortisol	sensors,	external	data	streams,	and	machine	
learning	to	implement	context-aware	sensing	for	providing	timely	and	relevant	notifications	for	users	intended	to	
help	 them	 optimise	 their	 wellness1 .	 CoCo’s	 software	 is	 built	 around	 three	 interlinked	 components	 a	 context-
network	 (IVY),	 a	wellness	model	 (LOTUS),	 and	a	management	 layer	 (BLOOM).	 In	 terms	of	hardware,	 the	CoCo	
wearable	uniquely	combines	multiple	biosensors	into	a	single	device	providing	the	software	components	with	the	
data	 necessary	 to	 create	 and	 maintain	 bespoke	 wellbeing	 and	 context	 models.	 These	 include	 a	 cortisol	
(potentiostatic	 circuit	 and	 chronoamperometry	 [43])	 sensor;	 caffeine	 (electro-chemical	 differential	 pulse	








Figure 1: CoCo Notifications sent to users during the user study 
The	IVY	context	network	(Figure	2)	correlates	 live	sensor	data	and	3rd	party	data	(e.g.	calendar,	 location)	 in	
order	 to	create	robust	 labels	which	can	describe	context	 to	a	high	 level	of	accuracy.	For,	example	calendar	and	
messenger	entries	may	suggest	a	‘coffee	shop	meeting’	which	will	be	reinforced	by	relevant	sensor	data	such	as	









Figure 2: Context-Network Model (IVY)  











Figure 3: Wellness Model (LOTUS) 
BLOOM	 is	CoCo’s	management	 layer	 (Figure	4).	BLOOM	can	query	both	 IVY	 and	LOTUS	models	 in	 order	 to	
highlight	and	promote	correlations	between	established	context	and	wellness	baselines.	Until	the	model	meets	a	
pre-determined	confidence	threshold	BLOOM	runs	in	a	training	mode,	allowing	IVY	and	LOTUS	models	to	learn	





they	 are	 doing	 and	 how	 they	 feel	 about	 it	 at	 key	 inflection	 points	 (see	 Figure	 1).	 Figure	 4	 shows	 the	 system	







Figure 4: Diagram showing how CoCo’s software and hardware components function together. 
2 BACKGROUND AND RELATED WORK 
Historically,	health	trackers	embed	sensors	such	as	ambient	light	sensors	and	accelerometers	to	infer	basic	facts	
about	a	user’s	life,	e.g.	step	count,	sleep	cycles,	heart	rate.	Miniaturisation	has	allowed	the	current	generation	to	





contextual	 information	 to	 a	 user.	 Whilst	 contextual	 computing	 has	 been	 a	 long-term	 aspiration	 of	 HCI	 and	
Ubiquitous	Computing	it	has	struggled	with	transitions	between	states	[38],	differentiating	activities	[20],	human	
perception	 [38]	 and	 supporting	 specific	 goals	 [6].	 The	 crossover	 with	 affective	 computing,	 to	 recognise	 and	
interpret	human	emotion,	further	highlights	the	complexity	and	challenges	in	creating	context-aware	systems	[37].	
However,	improvements	in	machine	learning	[39],	increased	availability	of	relevant	data	[9],	an	enhanced	battery	
and	 network	 performance	 mean	 that	 efficacious	 context	 models	 are	 increasingly	 practicable	 [11].	 Although	
research	has	attempted	to	encourage	behaviour	change	through	recommendations	[18,20,21,38,42,49],	machine	















 Table 1: List of participants interviewed in the user study 
Household	 Name	 Age	 Gender	 Profession	
1	 Philip	T	 50	 Male	 Doctor	
1	 Kat	T	 47	 Female	 Swimming	Instructor	
2	 Euan	C	 30	 Male	 Veterinarian	
2	 Gina	C	 28	 Female	 Barista	(part	time)	
2	 Piper	C	 9	months	 Female	 n/a	
2	 Darlene	C	 5	 Female	 n/a	
3	 Ron	G	 80	 Male	 Retired	
3	 Doris	G	 76	 Female	 Retired	
4	 Kelsie	B	 55	 Female	 Botanist	
5	 Cecilia	L	 22	 Female	 Biology	Student	
5	 Mohammed	A	 19	 Male	 Computing	Student	
5	 Russell	F	 18	 Male	 Psychology	Student	
6	 Gabriel	A	 33	 Male	 Author	
7	 Mark	G	 26	 Male	 Software	Engineer	
7	 Jason	G	 27	 Male	 Teacher	
	 	 	 	 	
	
We	 interviewed	 participants	 in	 their	 households	 at	 3	 and	 6	 months	 into	 the	 trial	 using	 an	 unstructured	















personalisation	of	Welltexts	helped	motivate	him	 to	exercise	 “because	of	 running	 I’m	destressing	 significantly”.	























eventually	 stopped	 taking	 part	 in	 the	 trial	 due	 to	 the	 “irritating”	 notification	 system.	 Ron	 found	 the	 constant	



























Figure 6: Screenshots of users visualised health data in the CoCo app 
3.4 Stress 
CoCo	was	 able	 to	 correctly	 identify	 activities	 that	were	 causing	people	 stress.	 For	 Jason	a	 regular	 “all	 staff”	
meeting	was	one	such	cause	that,	based	on	calendar	data,	CoCo	suggested	he	avoid.	Adopting	CoCo’s	suggestion	
meant	that	Jason	ultimately	had	to	explain	this	to	the	headteacher,	which	“increased	my	stress	levels	a	lot	more	
than	 attending	 the	 staff	 meeting”.	 Moreover,	 because	 CoCo	 learns	 according	 to	 previous	 data	 it	 is	 unable	 to	
determine	why	a	certain	activity,	might	not	be	a	possibility,	Gina	said	 it	 suggested	“doing	Darlene’s	medication	
















about	his	 coffee	 consumption,	but	believes,	 like	 the	app,	 that	his	 caffeine	consumption	 is	making	him	stressed.	
During	our	interview	it	transpired	that	Philip	was	“trying	to	teach	myself	latte	art,	it’s	a	bit	of	a	hobby.	I’m	not	very	
good,	so,	that	winds	me	up	as	well”.	Whilst	Philip’s	stress	was	associated	with	caffeine,	a	portion	of	the	stress	around	
































report	 on	 the	 more	 problematic	 aspects	 of	 the	 system.	 CoCo	 was	 extremely	 effective	 at	 identifying	 causal	















based	 on	 those	 data,	 clearly	 the	 approach	 is	 limited.	While	 sophisticated	 the	model	 is	 only	 ever	 aware	 of	 the	















(which,	more	often	 than	not	 refers	 to	 variants	 of	Machine	Learning),	 recent	 years	 have	 seen	 a	 proliferation	of	
frameworks,	 guidelines,	 and	manifestos	 intended	 to	 support,	 encourage,	 or	 underpin	 ethical,	 transparent,	 and	








advocate	 for	design-inspired	 research—in	 this	 case	a	Design	Fiction/fictional	paper—as	a	viable	means	 to	 test	
proposed	systems	designs	against	guidelines	and	frameworks.	For	example,	researchers	may	use	fictional	papers	
such	as	this	one	in	order	to	check	whether	a	proposed	implementation	would	meet	proposed	design	guidelines	[4].	
As	 it	 sits	 within	 a	 relatively	 small	 niche,	 we	 would	 like	 to	 draw	 attention	 to	 the	 paper’s	 methodological	
contribution.	Originally	proposed	as	part	of	Design	Fiction’s	maturation	within	the	HCI	community,	fictional	papers	
(a	relative	of	Imaginary	Abstracts	[7])	write	up	research	which	never	actually	happened.	To	date	there	are	a	handful	




Lastly,	 looking	 back	 at	 first	 and	 second	 generation	 health	 sensors	 such	 as	 Fitbit	 Sense	 [44]	 and	Withings	
ScanWatch	 [19]	we	can	see	how	much	 the	 integrated	context-aware	capabilities	of	CoCo	enable	 intelligent	and	
timely	 interventions	 to	 improve	wellness.	 The	 findings	 of	 this	 (fictional)	 study	 also	 show	 the	 need	 for	 greater	




it	 difficult	 to	 predetermine	many	 situations	 in	 a	 computational	 system.	 Sociologists	 have	 considered	 how	 our	
actions	[45]	and	knowledge	[22]	changes	given	a	situation	to	help	us	understand	something.	We	put	to	readers	
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